ABSTRACT If the construction and maintenance of Wi-Fi radio maps (WRMs) were fully automated, the implementation of a global-scale Wi-Fi indoor positioning system would be possible. This paper proposes a WRMs calibration system that automates the initial construction and maintenance of radio maps using crowdsourced fingerprints collected from numerous smartphones without location information. The system incorporates an unsupervised learning algorithm into an incremental and adaptive calibration process. The unsupervised learning algorithm constructs an initial radio map, using fingerprints collected from unknown locations, by finding a hidden structure among them. Once a positioning service is available based on the initial radio map, the radio map continues to adapt to signal changes in the environment through the incremental and adaptive calibration process using the fingerprints that are continuously collected from the service users. Experiments carried out in an office building have shown that the proposed system could successfully construct and maintain a precise radio map without requiring any location information. In a long-term experiment that lasted for five months, the proposed system was able to not just maintain but also improve the quality of the radio map. These results indicate that Wi-Fi indoor positioning systems can be automatically constructed and maintained in continuously changing Wi-Fi environments without manual calibration efforts.
I. INTRODUCTION
Wi-Fi location fingerprinting has become a prevalent approach to indoor positioning because of its minimum hardware requirement and relatively good positioning accuracy. Its widespread adoption, however, has been hindered by the need for manual efforts to collect Wi-Fi Received Signal Strengths (RSSs) samples from known locations for the calibration of Wi-Fi radio maps (WRMs). The manual calibration must be conducted for every new building and should be repeated whenever the WRMs become outdated due to changes of the Wi-Fi signal environments.
In endeavors to reduce the effort of WRM calibration, many researchers have tried to utilize fingerprints collected without their location information [1] . The fingerprints from unknown locations, i.e. unlabeled fingerprints, can easily be collected via crowdsourcing from numerous smartphones during normal use of wireless services. The so-called crowdsourcing-based approach has the benefit of reducing manual efforts required in the data collection activities, and thus it is useful especially for implementation of largescale positioning systems. This approach, moreover, could deal with changes in Wi-Fi signal environments because the changes will be spontaneously reflected in the fingerprints accumulated while the positioning services are being provided. If WRM construction and maintenance are fully automated using the crowdsourced fingerprints, the implementation of a global-scale indoor positioning system that covers most of the buildings all over the world would be possible, just as Global Positioning System (GPS) has been developed for outdoors.
To achieve the automation of WRM calibration, crowdsourced fingerprints must be associated with correct location information. Inertial sensor-based methods can estimate the locations of the crowdsourced fingerprints by utilizing various inertial sensors embedded in smartphones [2] - [4] . Semi-supervised learning techniques can also be applied for estimating the locations if a small number of fingerprints are provided with location labels [5] - [7] . These methods have made great contributions to reducing the efforts of WRM calibration, but have limitations because they require additional sensors or a small amount of location references.
Unsupervised learning techniques have a great potential to reduce or even eliminate the need for the location references and inertial sensors in the automation of WRM calibration. A recently proposed unsupervised learning method has succeeded in constructing WRMs using only unlabeled fingerprints through an extensive, yet efficient optimization process [8] .
The aforementioned methods have been developed mainly for the initial construction of WRMs, and therefore their calibration process must be repeated from scratch to update the changes of Wi-Fi signal environments. Calibration from scratch will waste computational resources and the information stored in the previously calibrated WRMs. Several methods dedicated to WRM update have been developed to address these issues [9] , [10] . In these methods, the locations of newly collected fingerprints are estimated by matching with the outdated WRM, and the estimation errors caused by signal changes are corrected by using the information extracted from the physical or logical structure of the new fingerprints. Since the methods rely on the matching between old and new fingerprints, they are effective only when small signal variations have occurred during environmental changes [11] . In addition, the location information inherited from an initial WRM can be severely distorted through repeated updates, which will cause the long-term maintenance of the WRM to fail. This paper proposes an automatic WRM calibration system for the initial construction and long-term maintenance using unlabeled fingerprints collected via crowdsourcing. A novel incremental and adaptive calibration process is developed based on the unsupervised learning algorithm introduced in [8] . The unsupervised learning algorithm calibrates a WRM by finding the optimal placement of unlabeled fingerprint sequences on an indoor map, under the constraint imposed by the inner structure of the building such as doors, walls, and barriers. The proposed system extended the algorithm by wrapping it with an incremental and adaptive learning process for the efficient construction and accurate maintenance of WRMs. In the proposed scheme, information from a previous WRM learning is inherited and utilized by the subsequent learning, which is conducted to complement or update the WRM. The previously learned information is reconstructed to cope with a changed WLAN environment and transferred to the subsequent calibration, which is then used to initialize a new optimization process to adapt the WRM to the changed environment using newly collected fingerprints.
The WRM update process in the proposed system is different from the aforementioned update methods because it does not rely heavily on location information stored in outdated WRMs. The information inherited from a previous calibration is used to initialize the optimization process for the next update calibration, but, after the initialization, the optimization is conducted independently from the inherited location information. As results, reliance on outdated information is mitigated, so the proposed update system is more robust and capable of managing significant signal changes than the update methods used in the past.
The benefits of the proposed system were evident when deployed on the 7th floor of N1 building at KAIST, Korea. The proposed system successfully built a WRM that achieved positioning accuracy of around 3m without human effort to acquire location-labeled fingerprints, which was comparable to the accuracy achieved with a manually constructed WRM. Moreover, even in an ever-changing signal environment, the WRM successfully maintained its quality for five months. The positioning accuracy was not just maintained but also improved gradually up to 2.5m. Additional experiments performed in controlled environments manifested that the proposed system was more robust to environmental changes than other WRM update methods. These results indicate that a WRM can be constructed and maintained without manual calibration efforts using crowdsourced fingerprints, in continuously changing Wi-Fi environments.
II. RELATED WORK A. REDUCING CALIBRATION EFFORT
Wi-Fi fingerprint matching is one of the basic approaches to indoor positioning these days. Although various techniques have been proposed for the fingerprint matching, the accuracy of a positioning system is highly dependent on the quality of the underlying WRM. The need for high-quality WRMs is a major drawback of fingerprinting-based techniques because the quality usually requires laborious and time-consuming human effort to collect location-labeled fingerprint samples [2] .
To reduce the effort of WRM construction, crowdsourcing approach has been tried for the past few years [11] . In the crowdsourcing approach, a large number of locationunlabeled fingerprints are collected from numerous wireless devices, and the locations of the unlabeled fingerprints are estimated during post-processing for constructing a WRM.
Semi-supervised learning techniques can be applied to utilize the unlabeled fingerprints in reducing the WRM calibration efforts if a small number of fingerprints are provided with location references. These studies employ optimization techniques, such as manifold learning [6] , [12] - [14] and expectation maximization [5] , [15] , to uncover the logical structure of the unlabeled fingerprints based on their similarity in the signal space. A small portion of location-labeled fingerprints is referred to, in order to improve the optimization efficiency and propagate location information to the structured fingerprints. Thus, unless some portion of the fingerprint collection is labeled with correct coordinates, the techniques encounter difficulties in finding the global optimal solution and mapping a learned model onto an indoor map. An unsupervised learning-based method has solved these problems by using only the structural information shown in floorplans for the location references [8] .
Another line of research has been initiated from robotics. This research focused on the application of Simultaneous Localization and Mapping (SLAM), which have been extensively studied in robotics, to human movements in indoor environments. WiFi-SLAM [16] , GraphSLAM [17] , Action-SLAM [18] , FootSLAM [19] , SmartSLAM [20] , and SignalSLAM [21] are the examples. However, the SLAM-based approach does not specifically discuss the mapping between the discovered model and the physical area.
The SLAM-based approach has now evolved to adapt to ubiquitous wireless devices. The locations of crowdsourced fingerprints have been estimated using Pedestrian Dead Reckoning (PDR) methods, which employ inertial sensors embedded in wireless devices, such as three-axis accelerometers, compasses, and gyroscopes [22] . Zee [2] , UnLoc [3] , WILL [4] , and LiFS [23] employ PDR to construct the physical structure of unlabeled fingerprint sequences and, to label the fingerprints with locations, match the structured sequences to the indoor structure shown in floorplans. Although these so-called inertial sensor-based methods can reduce the calibration efforts to some extent, the engagement of additional sensors raises new issues, such as the availability, device heterogeneity, and measurement noise of the sensors [11] . In the context of crowdsourcing, additional resource consumption for transmission and processing of the sensor data can also be a critical issue.
B. RADIO MAP UPDATE AUTOMATION
Apart from the construction of initial WRMs, it is also imperative to maintain them because WRMs tend to be outdated over time due to changes in signal environments, such as addition, removal, and relocation of Access Points (APs) or reconfiguration of buildings' interior. The research on WRM update has usually conducted separately from that of reducing calibration efforts. Nevertheless, basic techniques of the update methods are similar to the ones for reducing calibration effort. Semi-supervised learning-and inertial sensorbased techniques have been employed.
A semi-supervised learning-based method using a manifold co-regularization algorithm [24] has been proposed to adapt a pre-built WRM to signal changes [9] . This method leverages the logical structure of updated fingerprints that is found through an optimization procedure, which is similar to the semi-supervised learning method used for calibration effort reduction. The method refers to old WRMs as location references instead of location-labeled fingerprints.
The inertial sensor-based method has also been developed for WRM update [10] . It leverages the information of the physical structure of a fingerprint sequence obtained by PDR, as in the inertial sensor-based calibration methods. One difference from the calibration methods is that the inertial sensor-based update method utilizes outdated fingerprints for fingerprint-location mapping, instead of the structural constraints imposed by floorplans.
III. OBSERVATIONS
Four types of information and their combinations have been used to estimate the location of unlabeled fingerprints for the calibration effort reduction and the update automation. The information types and their usage are illustrated in Fig. 1 and described in detail below.
• Fingerprint physical structure: If unlabeled fingerprints are given as a sequence and various inertial sensors are available in smartphones, the physical structure of the fingerprint sequence can be estimated using the sensing data. The physical distance between two successive fingerprints is estimated by using a 3D accelerometer, and the turns in the sequence are estimated by a digital compass or gyroscope [22] . • Fingerprint logical structure: The relational structure of fingerprints can be found in a signal space. Optimization techniques are usually used to reveal such logical structure. It is mainly investigated among unlabeled fingerprints, yet the relations between labeled and unlabeled fingerprints can also be investigated to project the unlabeled ones onto locations.
• Floorplans: The inner structure of a building shown in floorplans, such as doors, corridors, walls, and barriers, has been used to impose constraints on user's mobility embedded in a fingerprint sequence. With the constraints, structured sequences can be arranged into a floorplan, like fitting pieces into a puzzle, to estimate the location of the fingerprints. The length and shape of the structured sequences are critical factors in a successful arrangement. The structural constraints have been derived manually from floorplan images in general, but could be automated by adopting image analysis techniques [41] or building information systems (BIS) [42] .
• Location-labeled fingerprints: The need for some amount of manually labeled fingerprints is inevitable in semi-supervised learning-based WRM calibration methods. Other location references, such as GPS fixes [7] and the location of APs [25] , can be used instead of the manually acquired location information. In update automation methods, it can be assumed that outdated WRMs provide location-labeled fingerprints. Fig. 2 shows types of information required in the proposed system, and the calibration effort reduction and the update automation methods discussed in Section II. The characteristics of the information are also summarized.
The primary goal of calibration effort reduction methods is to minimize the cost of WRM calibration, and the cost can be estimated from their information requirement. Among the information, the location-labeled fingerprints are considered as the most expensive information because the location information is usually acquired through laborious manual efforts. The cost of acquisition of floorplans is relatively low and sometimes assumed to be zero in this context [2] , [8] , because floorplans, regardless of their involvement in WRM calibrations, are prerequisites for most location-based services. The information on physical and logical fingerprint structures can be presumed to be inexpensive because their acquisition does not require human intervention but consumes only computational resources. In that sense, the inertial sensor-based and unsupervised learning-based methods are found to be more effective in reducing calibration efforts than semi-supervised learning-based methods, because they do not require expensive location-labeled fingerprints. If we further consider the availability of the information, the unsupervised learningbased method can be considered most effective and feasible, because inertial sensors and location-labeled fingerprints are not always available.
Location-labeled fingerprints stored in outdated WRMs play an important role in WRM update automation. A common strategy used in the update methods listed in Section II.B is to match new, unlabeled fingerprints to the labeled fingerprints in an outdated WRM to map the new ones onto locations. The errors in the mapping caused by signal changes are mitigated by using the information about the relational structure of the new fingerprints. The semi-supervised learning-based method uses logical structures, and the inertial sensor-based method uses physical structures. Such an approach heavily relies on the outdated location information for the mapping and can only succeed if minor signal variations have occurred during environmental changes.
In contrast, the incremental and adaptive calibration based on unsupervised learning has the ability to cope with relatively large signal changes. In the proposed system, the mapping between unlabeled fingerprints and locations is accomplished by optimizing the logical structure of the fingerprints and matching it to the physical structure of a floorplan. Location information inherited from an outdated WRM is referenced at the beginning of the optimization, but it evolves freely later. Thus, the dependency on the outdated location information that limits the ability to recover signal changes can be mitigated.
IV. UNSUPERVISED LEARNING-BASED RADIO MAP CALIBRATION
A. ALGORITHM OVERVIEW An unsupervised learning method for WRM construction was introduced in [8] . The method can build a WRM from a set of unlabeled fingerprint sequences. In order to estimate the locations of the unlabeled fingerprints, the method arranges the fingerprint sequences to fit into the inner structure of VOLUME 6, 2018 the building of interest. User's mobility obtained from the time stamps of the fingerprints and the probability distributions of RSS measurements are taken into account for the arrangement. More specifically, the inner structure shown in the floorplan of the building is modeled into the topology of a Hidden Markov Model (HMM) [26] , and a novel global-local hybrid optimization algorithm estimates the placement of the fingerprint sequences that best fits into the topology. Location cells of a certain size are considered as the state nodes, and the geographic accessibilities between the locations subject to the building's inner structure and general human speed are modeled as the initial transition links. The fingerprint sequences are considered as observations from the HMM.
The modeled HMM is then trained via the hybrid globallocal optimization algorithm. The local optimization adopts a typical Expectation-Maximization (EM) algorithm, which estimates the HMM model parameters by finding maximum likelihood estimates given unlabeled data [27] . A likelihood function, Pr(U , P|λ), is utilized to simultaneously evaluate a set of estimated model parameters and a placement of unlabeled fingerprint sequences, where U is a fingerprint sequence set, P is the placement, and λ is a set of estimated HMM model parameters.
EM-style algorithms for HMM training take a local search approach [26] . Hence, they often get stuck in local optima, especially when dealing with a complex problem like the fingerprint placement. To cope with this problem, a good initial guess of HMM model parameters should be provided as the starting point of the training. The previous semi-supervised learning methods can make an initial estimate using location-labeled fingerprints. On the other hand, in the unsupervised learning method, a population-based evolutionary search algorithm takes the role of providing a reasonable initial guess. This so-called global search algorithm iteratively improves the initial guess and provides the improvements to the local optimization procedure. The global search and local optimization algorithms are integrated into a Memetic Algorithm (MA) [28] , which is an evolutionary approach that provides an efficient way to address optimization problems through the interaction between global and local optimization procedures. For more details, please refer to [8] .
B. INTERFACE BETWEEN GLOBAL AND LOCAL OPTIMIZATIONS
In general, the solution space of the fingerprint placement problem is extremely huge; it comprises all possible placements of fingerprints in an area. To address this problem, the global search of the method effectively restricts the solution space by providing only the initial guesses that do not violate the nature of signal propagation. The Wi-Fi environment of an indoor area can be described in abstract using a propagation model [29] , and thus the fingerprint at each location can be calculated from the model. Given this knowledge, the global search explores possible signal propagation models, and then each explored model is converted to an initial fingerprint placement for a local optimization. For this purpose, the genetic representation of the global search consists of genes for signal propagation model parameters, which then evolves through the search. Fig. 3 illustrates the genetic representation of the global search. As shown in the figure, a chromosome consists of the two parts that represent path loss exponents, PLE, and the locations of APs, L AP . The PLE contains two genes, e LOS and e NLOS , for path loss exponents in Line of Sight (LOS) and None Line of Sight (NLOS). The exponent for the case where LOS is secured between an AP and a location is considered separately from the case where LOS is not secured, in order to more precisely explain the WLAN environment of a building [30] , [31] . L AP specifies AP locations with a location cell ID, l x , which is defined in the HMM topology modeling, for k APs detected in the given set of unlabeled fingerprints. A set of such parameters encodes a hypothetical WLAN environment, which can be decoded to an initial fingerprint placement by the computation of the attenuated RSSs for each AP and each location using the simplified signal model [29] . An initial population is composed of randomly generated chromosomes with the genetic representation, which subsequently evolves through the interaction between the global search and local optimizations.
V. INCREMENTAL AND ADAPTIVE CALIBRATION PROCESS
A. OVERALL SCHEME Since a WLAN environment is constantly changing, the unsupervised learning-based automatic WRM calibration should be performed occasionally on a set of newly collected fingerprints to reflect the changes to a WRM. However, calibration that is performed independently each time a fingerprint data set is updated wastes computational resources and previously learned information. These disadvantages can be overcome by extending the unsupervised learning algorithm to an incremental and adaptive calibration process.
In the incremental and adaptive calibration process, the efficiency of a WRM calibration can be improved by utilizing the results obtained in the previous calibration. The population of chromosomes that achieved the best performance in the previous calibration is used to create the initial population of the global search in the next calibration, and thus the previously learned information is transferred. The role of the global search in the unsupervised learning algorithm is to provide good initial points to the local optimization. Since the global search in subsequent calibrations starts with a more optimized population and evolves it, the overall performance of the calibrations can be improved. Note that the initial population for the unsupervised learningbased method is originally generated with arbitrary values. Fig. 4 illustrates the schematic view of the proposed system enclosing the unsupervised learning algorithm. The whole process starts with the initial construction of a WRM using the learning-based calibration, once enough amount of unlabeled fingerprints is collected in the training dataset. The format of chromosomes in the population is determined from the list of APs detected in the training data, and their values are randomly assigned in this step [8] .
The unsupervised learning algorithm then constructs an initial WRM, and the first WRM calibration ends. At the end of each calibration, not only a WRM but also an optimized population generated from the learning is preserved for use in the subsequent calibration. The proposed system then starts monitoring whether the newly accumulated fingerprints are sufficient for the next WRM update.
A WRM update calibration begins if the number of the accumulated fingerprints exceeds a pre-determined threshold. The first step of the update calibration is to update the current training dataset with the newly collected fingerprints. Several strategies can be used to update the training dataset, such as supplementation or replacement of the data. The next step is to create an initial population of the learning for updating WRM. The initial population is created by inheriting information from the previously optimized population and is adjusted to accommodate the changes reflected in the updated training dataset. With the adjusted initial population and updated training dataset, the learning for the WRM update starts, and a new up-to-date WRM is generated. The WRM update calibration procedure repeats whenever the number of new fingerprints exceeds the threshold, and the WRM is maintained through the repetition.
B. INFORMATION TRANSFER AND ENVIRONMENTAL ADAPTAITON
In the incremental adaptive calibration process, an optimized population is the container of information that is transferred from a calibration to its subsequent calibration. A population optimized in a previous calibration contains information learned prior to environmental changes. Therefore, the population needs to be adapted to the changes for a successful re-calibration.
The representation of chromosomes needs to be modified to catch up with the AP changes. For this purpose, a transferred population is compared with the updated training dataset to find APs that have been removed or added. If some AP appeared in the chromosome is undetected in the updated dataset, then the genes for these APs are removed in the chromosome representation because their information is no longer valid. The genes for newly detected APs are added in the chromosome representation, so that they can be dealt with in the learning for the WRM update. Fig. 5 illustrates the adaptation of a chromosome representation with an example. An adapted chromosome representation <AP 2 , AP 3 , AP 4 , AP 5 , AP 6 > is created from the transferred representation <AP 1 , AP 2 , AP 3 , AP 4 >, where <AP 5 , AP 6 > has been newly detected, but <AP 1 > has been undetected in the updated training dataset.
The initial population of an update calibration is then generated by selectively inheriting information from the transferred population based on the adapted chromosome representation. Fig. 6 illustrates the generation of an initial population and the inheritance of information. As shown in the figure, a chromosome in the transferred population is paired with one in the initial population, as an ancestor and a descendant. A descendant inherits the genes for the unremoved APs from its ancestor. In this step, however, the values of newly added genes are not known.
The unknown gene values of a descendant are calculated by estimating the locations of the added APs based on the unremoved APs. First, the positions of the unlabeled fingerprints in the training dataset are estimated in order to place them over locations. In this step, only unremoved APs are considered for the position estimation, and a different WRM is used for each descendant chromosome. A set of labeled fingerprints has been generated for each ancestor in the previous calibration, although only one set has been approved as the up-to-date WRM. By assuming each set as a WRM, an individual descendant obtains a unique placement of the updated fingerprints using a typical positioning algorithm.
The next step is to estimate the locations of the added APs based on the fingerprint placement for each descendant. A propagation model based on Log-Distance Path Loss (LDPL) is employed in this step [29] . The LDPL model is defined for an AP as follows:
where d, P(dd 0 , P(d 0 ), and θ denotes the distance from an AP to a location, RSS at distance d, reference distance, RSS at the reference distance, and path loss exponent, respectively. Here, we set d 0 = 1 m, and then, for an AP AP k located at (x k ,ŷ k ), (1) is rewritten to:
where
To estimate the location of AP k , (x k ,ŷ k ), all other parameters should be found together [33] . Here, a set of observations for location (x, y) and its RSS for AP k , S k (x, y) are given by the fingerprint placement of a descendant. Let (x i , y i ) be a location in the fingerprint placement, N be the number of the locations, and s k,i be the RSS value of AP k at (x i , y i ). Then, the other parameters:x k ,ŷ k ,θ k , andĉ k , are obtained using Nelder-Mead simplex algorithm [33] , in which the sum of the weighted residual squares are minimized as follows:
r i is a residual, which denotes the difference between s k,i and S k (x, y). Each residual is weighted by (5).
FIGURE 7.
Experimental area: the experimental area for the real-world evaluation is depicted in gray, and the area for the controlled evaluation is enclosed by a dotted square (a).
After the location (x k ,ŷ k ) is found for all of the added APs, the creation of the descendant chromosomes is completed by assigning the locations to the corresponding genes. The learning for the update calibration then starts with the adapted initial population.
The proposed information transfer scheme with environmental adaptation may not generate chromosomes fully adapted to the signal changes. However, this can be recovered during the learning process in the followed calibration. Moreover, the population does not contain only one chromosome characterized as the best, but also contains other good results from the previous calibration. The population will evolve through the learning, and adapted to the changed environment. These features mitigate the dependency on outdated information that leads to update failures.
The information transfer scheme can be extended to handle the case where an outdated WRM has been generated by another method and thus the optimized population from a previous learning is not available. In that case, only one chromosome can be generated from the outdated WRM by the AP location estimation. An initial population then can be generated by mutating the chromosome to secure its genetic diversity.
VI. EVALUATION
Two types of evaluation were conducted to validate the effectiveness of the proposed system in constructing and maintaining an indoor positioning system. The first evaluation was conducted under controlled conditions for a systematic analysis of the system. Then, we deployed a prototype system on a floor of an office building for a five-month long-term evaluation to validate the system in a real-world situation. Fig. 7 illustrates the experimental area. The experiments were performed on the 7th floor of N1 building at KAIST, Daejeon, Korea. The size of the floor was 80 × 32m 2 . The experimental area for the real-world evaluation is depicted in gray, and the area for the controlled tests is enclosed by a dotted square (a) in the figure.
The proposed system was compared with the unsupervised learning-based calibration that was independently performed for each construction or update procedure, the inertial sensor-based update method introduced in [9] , and a manual calibration method in which fingerprints were manually labeled with location information [34] . Henceforth, for convenience, we use the term 'independent calibration' to denote the calibration independently performed on each dataset using the unsupervised learning-based method, whereas the term 'adaptive calibration' is used for the proposed incremental and adaptive calibration.
The manual calibration method involved a walking survey strategy [34] in which the positions of fingerprints were obtained during survey-walks using a click-to-mapbased annotation program. Four people carrying a smartphone (Samsung Galaxy S6) wandered in the test area and collected unlabeled fingerprint sequences with a sampling rate of 0.5Hz. Along with the sequences, additional sensing data from the inertial sensors were also collected for the inertial sensor-based update method. The independent and adaptive calibrations used the same dataset after removing the inertial sensor data.
The performance of each calibration method was evaluated based on the positioning accuracy tested on the calibrated WRMs. A simplest positioning algorithm, kNN (k = 3) with Euclidian distance measure [35] , was used for the tests to ensure a fair comparison.
A. EVALUATION IN A CONTROLLED ENVIRONMENT
The first evaluation was conducted under controlled conditions. We first installed 30 APs in the area (a) in Fig. 7 and then changed the AP conditions by removing, adding, and relocating the APs. The calibration methods were evaluated under each AP conditions.
1) WRM CONSTRUCTION
At first, an experiment was conducted in a stationary environment where the 30 APs were installed, in order to compare the effectiveness of the manual, independent, and adaptive calibration in constructing initial WRMs. We collected 800 fingerprints for the training data of each method, and the positioning tests were conducted using 200 test samples.
We gradually increased the size of the training dataset of each calibration method by randomly selecting samples from the 800 fingerprints, in order to analyze the effect of the amount of training data on WRM calibration. From the phase 0 to the phase 15, a WRM calibration was performed at each phase by adding 50 fingerprints to the training dataset. Fig. 8 compares the average positioning errors obtained from the three methods at each phase. Overall, the positioning errors tended to decrease as the phase increased, as more training data became available. The manual calibration achieved the best accuracy among the three methods because correct location information was used. The manual calibration in phase 5 achieved positioning accuracy near 2m using only 200 training samples. In contrast, the independent and adaptive calibrations required much more training samples. Independent calibration achieved positioning accuracy of 3.4m in phase 8 using 450 samples and no significant improvement was observed after that phase. The positioning error of adaptive calibration reached approximately 2.7m in phase 7 using 400 samples and stabilized at that level. Clearly, the three calibration methods require a certain amount of training data to provide an accurate positioning service, but this experiment has confirmed that independent and adaptive calibrations, which employ an unsupervised learning algorithm, requires much more fingerprints to calibrate WRMs since location information is not provided.
Adaptive calibration outperformed independent calibration. The accuracy of adaptive calibration was improved faster than independent calibration did and converged to a more accurate level. At the last phase, the positioning error of adaptive calibration was 2.7m, whereas independent calibration achieved 3.3m. It can be inferred from the results that information transfer scheme used in adaptive calibration has a positive effect on constructing a precise WRM.
2) ADAPTATION TO AP REPLACEMENT
This section shows how effectively WRM update methods can address signal changes due to the replacement of APs. In the experiment, we changed 10 % of the pre-installed APs at each phase; three APs were removed out of the 30, and then three new APs were installed. The entire APs used in phase 0 were thus replaced by new ones in phase 10. At each phase, 500 fingerprints were collected for a new training dataset and replaced an outdated dataset used in the previous phase. Note that 500 samples were enough to construct a WRM for the test area as shown in Fig. 7 . The positioning tests were conducted at each phase by collecting 200 new test samples.
The proposed adaptive calibration method was compared with the inertial sensor-based WRM update method and independent calibration method. Their update procedure started with a common initial WRM constructed by the unsupervised learning algorithm for fair comparisons. The positioning results obtained using the initial WRM without updates were compared as well. Fig. 9 shows the experimental results. As shown in the figure, all WRM update methods were applied on a common initial WRM that could achieve a positioning accuracy of 3.43m in phase 0. The positioning accuracy could be maintained at a stable level when applying independent calibration, because the method constructed a new WRM from scratch at each phase. The accuracy was constantly degraded as the phase shifted when the WRM was not updated at all. As indicated by the line of the non-updated WRM, the accuracy exceeded 8m in phase 8, where 80% of the APs were replaced in the environment. Typical fingerprint-based positioning algorithms consider only common APs in matching an online fingerprint with a WRM. AP replacement reduces the number of the common APs, thus the positioning accuracy is decreased.
The inertial sensor-based WRM update method was not enough to prevent accuracy degradation. When applying the method, the positioning error tended to increase until phase 8 and, thereafter, stabilized at less than 5m as shown in the figure. The replacement of three APs appeared to be a major change that could not be completely restored by the inertial sensor-based method. Along with the amount of the change, we have suspected that there was another reason that could explain the experimental result in more detail. In phases 1 and 2, the results of the inertial sensorbased method were worse than those not updated, as shown in the figure. It could be inferred from the results that the physical structure information, which was obtained from the inertial sensors, contained noise from the sensors and thus distorted the information obtained from an outdated WRM. The figure also shows that the accuracy degradation stopped at approximately 5m. This level seems to be a compromise between the noise of the inertial sensors and the information from an outdated WRM. The result of the inertial sensorbased method implies that its performance could be improved if the sensor noise is reduced.
While the APs were being replaced, adaptive calibration method not only maintained the quality of WRM but also improved it. As shown in Fig. 9 , the positioning error of adaptive calibration was gradually reduced as the phase was shifting. The method achieved 3.1m in the first update and ended up with 2.75m at the last phase. This is because adaptive calibration for an update utilizes previously learned information via the information transfer scheme. Fig. 10 shows the effect of the information transfer scheme in detail by comparing adaptive calibration with independent calibration in phase 1. The evolutionary learning processes in the two calibrations are compared with that of the initial WRM calibration in phase 0, in terms of the positioning error obtained at each generation. As seen in the figure, the accuracy of the initial WRM calibration in phase 0 was drastically improved from 14.7m to 3.43m as the generation increased. Independent calibration in phase 1 had a similar pattern of accuracy improvement because its evolutionary process began from scratch again. In contrast, the evolutionary process of adaptive calibration started with a positioning accuracy under 3.8m and converged to a better accuracy than independent calibration. The first generation could achieve 3.8m because adaptive calibration in phase 1 inherited the information from the last generation of the initial WRM calibration that produced 3.43m. The small difference of the two accuracies implied that the information transfer from phase 0 to phase 1 was successful, although a small amount of information was lost due to the AP replacement. Since such effect accumulated as the phase increased, the positioning accuracy could continue to increase.
3) ADAPTATION TO AP RELOCATION
The effect of an environmental change due to AP replacement may not be significant on the performance of indoor positioning because the information on unchanged APs remains intact. Meanwhile, if the locations of APs are changed, the RSSs from the APs is severely distorted. This section shows how effectively WRM update methods can address signal changes due to the relocation of APs. Three APs out of the pre-installed 30 was relocated at each phase, and all WRM update methods were applied on a common initial WRM that achieved a positioning accuracy of 3.46m in phase 0. The rest of the experimental setup was the same with the previous experiment for AP replacement. Fig. 11 shows the experimental results, depicting patterns similar to the results of the AP replacement but exhibiting more pronounced accuracy degradation. When the initial WRM was not updated at all, the positioning error grew rapidly as the phase shifted. It reached 9m in phase 5, whereas the error in the AP replacement experiment was approximately 5.5m in the same phase (see Fig. 9 ). The inertial sensor-based update method was also more severely affected by the AP relocation than the AP replacement. The positioning accuracy achieved by the method was 5.89m at the last phase of the AP relocation, whereas it was 4.84m in the replacement experiment. Meanwhile, the influence of the AP relocation on adaptive calibration was not that significant. The accuracy achieved by adaptive calibration was 2.91 m at the last phase of this experiment, whereas it was 2.75m in the replacement experiment. This result indicates that adaptive calibration method could address the environmental changes due to AP relocation. Although adaptive calibration utilizes the information inherited from a previous calibration, it does not rely heavily on the inherited information but manipulates it through the evolutionary process. Thus, the information distortion caused by AP relocation can be mitigated to some extent. Table 1 summarizes the results of AP replacement and relocation experiments; it compares the positioning accuracies achieved before and after the WRM maintenance performed by each method for the 18 phases.
4) ROBUSTNESS TO SIGNAL CHANGES
The last two sections have reported the experimental results in the cases in which a fixed number of APs is changed at each phase. In this section, we present experiments conducted by varying the number of AP change to evaluate the robustness of the methods. We changed zero to 100% of the 30 APs and then measured positioning accuracy after applying an update method independently for each changed environment. Fig. 12 (a) shows the effect of the amount of AP replacement on the update methods. The experimental results showed that the performance of adaptive calibration method was slightly affected by changes in the volume of the AP replacement. As shown in Fig. 12 (a) , AP replacement of up to 40% had no significant effect on the performance of adaptive calibration. The advantage of information transfer was obviously shown in that range. The method achieved accuracies of around 3m, which are 15% improvements over the initial WRM. When 50 -90 % of the APs were replaced, the positioning error slightly increased but still did not exceed that of the initial WRM. This result indicates that even a small amount of retained information could help with adaptive calibration by providing a good initial starting point of the calibration. When all the APs were replaced by new ones, the performance of adaptive calibration was similar to that of the initial WRM. If adaptive calibration inherits nothing from the previous calibration, it works the same as independent calibration because the values of the new genes are randomized. Fig. 12 (b) shows the effect of the amount of AP relocation. Unlike AP replacement, which renders information on removed APs useless, AP relocation distorts a part of the information in the outdated WRM. Because of such effect, positioning accuracy tended to decrease more severely in the AP relocation experiment compared to the case with the AP replacement. When the WRM was not updated, the positioning error increased rapidly with the increment of the amount of AP change. The same effect was shown in the result of the inertial sensor-based method. However, as shown in the figure, adaptive calibration was affected by the AP relocation in a different way. The positioning error of the method began to increase when 50% of the APs were relocated, then exceeded the level that the initial WRM had achieved, and then rapidly increased up to 5.5m. Changes less than 40% have no significant effect on the improvement of positioning accuracy. This result indicates that adaptive calibration can cope well with a certain level of AP relocation, but its effectiveness is limited. Such limitations, which have not manifested during the experiment for the AP replacement, are due to a phenomenon called genetic drift that occurs during the evolutionary process of adaptive calibration [28] . The population optimized for a previous environment has a low genetic diversity, and therefore there is a risk of failing to adapt to a new environment that is significantly different from the previous one. In that case, independent calibration, which starts with a randomized population, would be better.
Here, we measure how much the WRM update methods have recovered the accuracy degradation due to the AP replacement and relocation. The recovery rate of each method is measured by the following formula:
where err non−updated and err updated denotes positioning errors measured using a non-updated WRM and an updated WRM, respectively. err initial denotes the error measured before an AP change. Thus, (err non−updated -err initial ) represents the degradation of positioning accuracy due to the AP change, and (err non−updated -err updated ) represents the recovery. Table 2 summarizes the experimental results in terms of recovery rate of the methods. As denoted by the numbers, adaptive calibration achieved more than twice the recovery rates compared to the inertial sensor-based method in most of the cases. Moreover, it could recover all of the accuracy degradation except for the cases that 70% or more AP were relocated.
B. EVALUATION IN A REAL-WORD SCENARIO
We deployed a prototype system on a floor of an office building for a 20-week long-term evaluation. The deployment area is depicted in a gray color in Fig. 7 . We collected 1000 training and 200 test samples every week for the evaluation of the system. The data collections showed that the WLAN environment of the area was continually changing due to the addition and removal of APs. Table 3 summarizes the AP changes shown in each week's training dataset. Removal and addition respectively denote the numbers of undetected and newly detected APs compared to the previous week, and remain is calculated based on the first week's dataset. Approximately 17.5 APs were removed and newly added per week in the dataset. However, these changes were not cumulative. 131 APs were detected in the first week, and 97 of them remained until the last week. This indicated that, occasionally, APs that had been disappeared were detected again weeks later.
Using the data collections, we conducted two types of experiments. First, an initial WRM was constructed by the unsupervised learning and then maintained for 20 weeks. Independent calibration, adaptive calibration, inertial sensorbased method, and non-updated strategy were applied for the maintenance. In the second experiment, we applied the manual calibration method instead of the unsupervised learning and independent calibration. An initial WRM was constructed using correct location labels and maintained by the WRM update methods including the manual calibration strategy. Note that adaptive calibration can be applied on a WRM that is constructed by manual calibration as discussed in Section V.B. Fig. 13 shows the results of WRM updates started with an initial WRM constructed by the unsupervised learning. As shown in the figure, the experiment in a real-world environment showed similar results to those in the controlled conditions. Independent calibration successfully constructed and maintained a WRM that could achieve positioning accuracy of around 3m. When the WRM was not updated at all, the positioning error grew up to 4.9m at the 20th week. The inertial sensor-based method was able to mitigate the error to 4.2m. Adaptive calibration successfully maintained the WRM and further improved its quality; the positioning accuracy improved up to 2.5m.
Adaptive calibration showed a different result when applied on a WRM that is constructed by manual calibration. Fig. 14 shows the results of the second experiment. As shown in the figure, the manual calibration constructed a WRM that could achieve a positioning accuracy of 1.75m in the first week since correct location labels were used, and a similar level of accuracy was maintained for the rest of the period. As the quality of the initial WRM was better than tthe first experiment, the inertial sensor-based method and non-updating strategy could achieve a little bit more improved results. Adaptive calibration also achieved a more improved accuracy than in the case using an inertial WRM constructed by the unsupervised learning, but the pattern of accuracy change over time was different. When the initial WRM was constructed by the unsupervised learning, adaptive calibration tended to improve the accuracy as time goes by. However, in the case using manually calibrated initial WRM, the accuracy of the method dropped in earlier weeks to approximately 2.1m and maintained at that level for the rest of the experimental period. The unsupervised learning algorithm employed in this research seeks to find a WRM that optimizes the signal distributions of fingerprints sequences in an indoor space constrained by the interior structure. The optimal WRM does not necessarily match the true world perfectly, so there could be a gap between them. The difference between the lines for the manual calibration and adaptive calibration appears to represent the gap between the optimal and the true worlds. Because of such a gap, the proposed system is expected to have a limitation in improving positioning accuracy even if the optimization process of the incremental and adaptive calibration continues.
VII. DISCUSSION
This paper aimed at two goals. The first goal is to reduce the cost of manual calibration required for the initial construction and updates of WRMs. The second goal is to address the accuracy degradation of a WRM caused by the repetition of automatic updates during a long-term maintenance. The goals were accomplished by implementing the incremental and adaptive WRM calibration process that incorporated an unsupervised learning algorithm. The proposed calibration system could construct and update a WRM by using unlabeled fingerprints collected via crowdsourcing, thus obviating the need for human efforts to collect fingerprints with location information. While other WRM update methods have a disadvantage in adapting large signal changes due to a great dependence on outdated WRMs, the proposed system is relatively more robust to the signal changes because of the information transfer and environmental adaptation scheme, and the optimization criteria that is independent from outdated information. Moreover, the mechanism that inherits the information from previous calibrations and continues to optimize enables the system not only to maintain, but also to improve the accuracy of a WRM.
Experiments conducted in a controlled and real-world environment manifested that the proposed system could build and maintain a precise WRM. In an office building, the average positioning accuracy of a WRM built by the system was initially about 3m, a level comparable to the accuracy of 1.8m achieved with the ground-truth location information. Moreover, the accuracy improved up to up to 2.5m when the system continually updated the WRM for 20 weeks. These results imply that an indoor positioning service system can be constructed, maintained, and even improved through crowdsourcing.
Since the proposed system utilizes machine learning algorithms, the quality and the quantity of training dataset are the most important factors in the successful calibration of WRMs. When we update the training dataset with newly crowdsourced fingerprints, there is a trade-off between the quality and quantity. A set of accumulated fingerprints does not necessarily reflect a stationary WLAN environment because the environment is continually changing. It is thus required to crowdsource the data in a short time to secure the quality of the training dataset. However, the quantity is more important than the quality because the unsupervised learning algorithm fails if a sufficient amount of training data is not given. It has been reported that the learning algorithm requires 12∼18 training samples in each 3m 2 -sized location for successful unsupervised calibration [8] . Moreover, if a training dataset is not sufficient, the dataset may not reflect environmental changes correctly. In the proposed system, the information transfer scheme modifies chromosome representation to adapt to AP changes shown in training dataset. Without sufficient data, unremoved or newly installed APs may not be detected in the dataset, resulting in a wrong chromosome modification. Hence, the choice of the strategy for updating a training dataset should be made only after giving due consideration to the quantity of data. If a sufficient amount of unlabeled fingerprints has been crowdsourced in a short time, we can replace an outdated training dataset with the newly crowdsourced data. Otherwise, the new training dataset should be supplemented with a part of the outdated training data.
Meanwhile, device heterogeneity has long been an issue in Wi-Fi fingerprinting. The differences in Wi-Fi chipsets and antenna designs cause different signal measurements even at the same location, resulting in considerable positioning errors. The problem could be more critical in the fingerprint crowdsourcing because diverse devices will be involved. To mitigate this problem, some studies have used, instead of RSS value itself, RSS distribution shapes [37] or the differences between RSS values [38] , [39] as Wi-Fi fingerprints. Another typical solution for the problem is to use a linear transformation to calibrate the RSS variations among devices [40] . We plan to find a method that works well with the proposed crowdsourcing system in our future work.
VIII. CONCLUSION
This paper presented an automatic calibration system to construct and update radio maps for Wi-Fi-based indoor positioning services. It was confirmed that the proposed system could build accurate radio maps and maintain their quality in constantly changing signal environments, without human effort for data collection activities.
When we consider that fingerprints can be collected from many buildings around the world, the proposed automatic calibration system will be one of core techniques for implementing city-or even global-scale indoor positioning systems. Now we are planning to integrate the proposed system into a crowdsourcing-based indoor GPS platform, KAIST Indoor Locating System (KAILOS) [36] , and provide the automatic radio map construction and maintenance service to the public. 
